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ABSTRACr

Analyzing raw data can be prohibitively time consuming. A
variety ofgraphical techniques have been developed to address
this problem. Although graphical analysis can provide a simple
yet comprehensive overview of a large dataset, often these
techniquesfail to capture the essence ofdata trends. In addition,
the ability to easily query any component of the data subset
frequently remains burdensome. In this paper, we present a

general method to address these issuesfor cross-tabulation tables
andprovide examples oftheir use in medical research

INTRODUCMON

Graphical display of information in medicine presents a
variety of challenges[1]. For many applications, simple numerical
tables of frequencies provides the first step in analyzing the
pattms in the data set Often, the next step in looking for pattems
is summarizing all observations in a databse along two axes to
form a cross-tabulation or co-occunrence table. Frequently, these
methods ofviewing data fail to reveal important trends.

Recognizing significant patens of disease progression in a

large patient population over time is a task which demonstrates
these difficulties. We recently studied a cohort of 410 patients
from Cooperative Systematic Studies of Rheumatic Diseases
(CSSRD) clinics[2]. These patients were entered from ten
university-based rheumatology clinics in a prospective study
within one year ofonset ofconnective tissue disease (CTD). The
purpose of the study was to gain a better understanding of
progression or remission of undifferentiated connective tissue
diseases (UCTD). Correlation between disease features at entry
and subsequent remission were examined to identify featu at
entry that predict remission. These 410 patients were divided
initally into 18 disease subgroups which over time redistributed
into 25 disease subgroups. We identified disease progression via

transition paths between disease subgroups, which show the
number of patients who eventually develop another disease or

enter remission versus those who remain in the same disease
subgroup.

We developed a graphical exploratory method to find the

important relationships in the data, as well as to facilitate more

in-depth examination. First, we used a statistical program's
procedure (SAS's proc firq, a fiequency detmining procedure) to
produce a cross-tabulation table to show Inital Diagnoses and
Final Diagnoses. This table showed the number of patients with
each disease at entry into the study (initial diagnosis) and which

disea category they were in at the last examination (final
diagnosis). An example of such a table is shown in table 1. As
described in this paper, we then developed a Visual Basic program
to generate a graphical display of the data which supported
firther analysis on an interactive basis. This method is applicable
to all forms of cross-tabulation tables, whether they aise from
sttistical packages as ours did, or relational database models of
computerized patient records.

BACKGROUND

Exploratory Data Analysis (EDA) software facilitates
unstructurd, iterative visual exploration of relationships in

complex datasets with the aid ofmultiple graphical displays linked
to the data's information content. EDA methods can be essential in

analyses of data sets because they can provide perspectives which

would otherwise be obscured or completely hidden, especially
when the data volume and variation contained is massive. EDA
methods have been used in conjunction with statistical methods to
build prediction models in medicine and psychiatry[3,4]. In
addition to proving useful in enabling study of data from multiple
perspectves and uncovering elusive data trends, it is also a
powerful communications tool in the subsequent presentation of
these findings.

To successfully view large amounts of clinical data, it is
necessary to integrate a database management system, graphical
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TABLE OF Initial Diagnoses BY Final Diaqnoses

initial Final

Fxequencyj
Percent
Row Pct
Cal Pct |Missing lBad Bad Dead |Mild IRemis- ...

Idiseasel|disease2l Idiseasell sion ...

Bad 25| 33| 31 8| 5| 9 ...
diseasel 6.10 8.05 0.73 1.95 1.22 2.20
(Bad dzl)| 28.74 37.93 | 3.45 9.20 5.75 10.34

21.19 67.35 6.67 21.62 13.89 27.27

Mild 271 41 10 3 241 7
diseasel 6.59 | 0.98 2.44 0.73 5.85 1.71

31.40 4.65 11.63 3.49 27.91 8.14
22.88 8.16 22.22 8.11 66.67 21.21

Bad 211 1| 29 I 01 41.||
disease2 5.12 0.24 | 7.07 1.22 0.00 0.98

33.87 1.61 46.77 8.06 0.00 6.45
17.80 2.04 64.44 13.51 0.00 12.12

Mild 13| 10 1 21 41 71...
disease2 . ...I...| ..
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display and statistical software. [5] We
were not aware of any program that
would integrate with the SAS system
to perform the interactive graphical
EDA techniques necessary. We
therefore developed the Visual Basic
program described in this paper.

METHODS

Our initial representation of our
study population's disease course, id
shown in table 1 was produced using
the SAS PROC FREQ procedure. The
table shows initial visit diagnosis by
final visit diagnosis in an abbreviated
fashion and using generalized labels
(e.g. Bad diseasel instead ofthe actual
disease name). All possible courses a
patient could take are represented by
cells in is table. The full table
included 18 categories of initial
diseases (shown in the rows) and 25 Figure 2
categories of disease at the completion
of the study (shown in the columns).
In this sample table, the first cell
containing 25 represents 25 patients
with an initial diagnosis of Bad diseasel' whose final diagnosis
state was Missing'. Similarly, the next cell down containing 27
represents patients who initially had 'Mild diseasel' whose final
diagnosis was Missing' . This table did not convey a clear sense of
our data due to the large number of cells, size disparity between
adjacent rows and columns, sparseness and separation over
multiple pages. Thus, it was difficult to identify the significant
transition paths that link patients' initial and final diagnoses.

To facilitate interpretation, the next step was to convert the
table into a graphical format. This can be done in many ways
using a variety ofgraphing tools and techniques[6].

A graphical depiction of table 1 using a three dimensional
model (created with Microsoft Excel, in figure 1) was only a slight
improvement. It did not communicate the flow of patients
between subgroups. To overcome this, a pilot program was
written to graphically represent the number of patients following
each transition path. This tool was subsequently extended in
Visual Basic to allow interactive query of patient subpopulations,
by user subgroup selection and automatic generation ofprocedure
code to statistically analyze those subgroups.

A sample display produced by this Visual Basic program is
shown in figure 2. The initial disease selected in this case is PSS
(Progressive Systemic Sclerosis)[7]. It was selected by pointing to
the button containing the legend "PSS" with a mouse and selecting
it with a mouse button press. This caused the distribution ofthese
patients' disease courses to be displayed. For example, the top line,
connecting PSS on the left to MISSING on the right, represents 12
patients, or 25% of all of the 48 patients initially diagnosed with
the disease PSS. Any patient subgroup can be selected in this way,
with the specific disease progression pattem instantly displayed.
The interactive nature of this process combined with the clearing
of data which is unrelated to the currently chosen subgroup helps
to selectively focus the user 's attention.
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Although this example
demonstates two categorical variables,
each containing a diagnosis, the table
could have represented any two
categorical variables. For example, by
selecting age group and disease severity
variables, a display of this relationship
would result

Based on this visual exploration of
the data, he correlates of patients'
disease transitions were subsequently
studied in the traditional statistical
manner with chi square, logistic and
categorical models. For example, the
effect of age on likelihood of achieving
a remission was studied[8]. The
availability of this visual tool greatly
facilitated the identification of relevant
variables. In addition, we have found
that this visual tool has enabled the
results of complicated multivariate
models to be summarized and presented
more effectively to nontechnical people.

SYSTEM DESIGN

Implementing his method involved the use of two
programming languages, Visual Basic and PERL[9]. Visual Basic
is a commercial programming language sold by Microsoft
Corporation. It is well suited to building graphical user interfaces
and to quickly developing simple programs. There are many
books and articles which describe programming in this language.

The second language, Perl, was developed by Lany Wall in
1986. It officially stands for Prctical Exbtrion and Report
Language and is ideal for extrcing data from files and
refomaing the data for other purposes. It is distributed with
source code and is available at no charge. In the application
described above, a Perl program translated the SAS PROC FREQ
output into data more easily usable by the Visual Basic code.

In the course of developing the visualization engine and
enhancing its interactive capabilities, it became clear that SAS's
data subsetting and analysis capabilities and SAS's expressivity
were fundamental components for powerful interactive analysis.
For these reasons, we have been developing a generalized
graphical front-end for data analysis which is specifically designed
to facilitate analyses of disease transition in populations over time.
The user can interctively select variables contained in an
application's tables, and the Visual Basic program will graphically
depict the relationships.

Using is approach, co-occurrence data containing large
numbers of subsets can be quickly examined. For example,
figure 3 summarizes the disease course of the 250 non-missing

patients in the earlier mentioned study. All transition paths, even
those containing only one patient is shown. Thicker lines represent
larger numbers of patients. Because ofthe density of infonnation,
this display is of limited use. However, some large pattems are
evident. Also, on a color display, the display is slightly more
useful.

To exclude subsets that occurred less frequently, a threshold
can be adjusted to allow the user to focus on the larger groups.
This signficantly reduces the cluttered appearance. The result is
shown in figure 4 which contains the same data as figure 3, but
excludes all groups with less than 8 occurrences. By successively
increasing this threshold, the interface allows you to decompose
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course. By overlying data in

-_-__--- -------- ---this way, it is also possible to
direct the computer to lump

_ __------ ---together groups that have
similar chaacteistics for
further analysis. This was
implemented for SAS and is

...........shown in figure 6. By visually
selecting the subgroups of
interest a SAS program

N_ t _ a _ _-(procedure) is constructed by
Visual Basic. A similar
technique could have generated

query

(SQL) code for a relational
database. The size of the
resultant group, in this case 35
patients, is shown in the title

_ _barof the window where the
procedure appears. You will
also note that there is a button
labeled "Show Selection"

xSS ishbIim2 _| which will show just the
Figure 5 selected tansition patis. Thisf5

4~1~ n=250 subsetting can be built up
interactively to include any
combinations of subgroups,

the data to its most coarse features. Similarly, the threshold can be including groups not currently displayed.
incrementally decreased to reveal the full granularity.

This technique also
supports the direct visual
comparison of multiple
groups simultaneously. For
example, the behavior of
populations expected to have
comparable distributions is
shown in figure 5. Although

it was anticipated that the -------------
Rheumatoid Arthritis (RA) F__ i
<top left> and Early
Undifferentiated Connective
Tissue DiseasePolyArthritis
(EUCTD(PA)) <bottom left>
groups would have a similar
distribution, it is visually
apparent that the
EUCTD(PA) group showed
a considerably more variable _
course. Although the
majority (80%) of the
patients initially diagnosed
with RA remained with RA
as their final diagnosis, the
EUCTD(PA) patients did not
have nearly as predictable a Fiiure 6
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Finally, this tool has proven to be an effective way to
communicate the contained relationships to others. We therefore
added the abilty to relocate displayed elements and dynamically
connect the transition paths, to allow demonstration of another
dimension ofrelationships such as groupings of related categories.
Techniques like this, as well as the judicious use ofcolor allow the
user to selectively focus on the hilighted relationships, and to
re-frame the view by changing the order or spatal relationships of
elements. This is useful in identifyng additional data relationships
and for teaching purposes.

By using this tool, several panerns in our data became
apparent. The remission rates for undifferentiated polyar1hritis and
rheumatoid arthritis were not different; although many of the
undifferentiated polyarthitis patients had a milder disease course.
These findings are shown in figure 5. The Visual Basic system,
by writing the appropriate SAS program code, made it easier to
find the correlates of disease course. Predictors ofremission were
determined by selecting subgroups from the visual display and
conducting statistical tests for symptoms and lboratory values.
The resulting predictors of remission included seronegativity, low
sedimentation rate and low tenderjoint counts[8].

CONCLUSION

Significant improvements in quantitative data display result
from visual representations achieved through graphical user
interfaces. The use ofcustom graphics to visuaz cross tabulation
tables can augment existing tools such as statistics packages, speed
interpretation of data, and facilitate presentation of complex
analytical results. Prior techniques for data representation did not
convert co-occun-ence infornation into an interctive graphical
display. Our systen enabled us to graphically visalize important
relationships in the data and facilitated in-depth examination of
co-occurrence data.

We hope to extend his approach to automate analysis of
independent variables. This will be done by facilitating menu
selection of logical independent and dependent variables,
generting dichotomized variables where indicated, and then
summarizing these relationships through programmatically
generated and dispatched statistical procedures and data steps.

Future substantive applications include analyses where a large
number of discrete variables are associated with an outcome.
Examples include sociological studies of occupational mobility,
management studies offirm birth and attrition, or quality assurance
studies of defect data. A variety of implementation paths are
possible including development witiin the SAS System as a
user-defined procedu (e.g., using SAS/TOOLKIT), as a SAS
application (modeled after SAS/ASSIST which feaues pull-down
menus with "point and click" options), or entirely in Visual Basic.
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